Along with the development of manufacture and services, the problem of distribution network optimization has been growing in importance, thus receiving much attention from the research community. One of the most recently introduced network optimization problems is the Clustered Shortest-Path Tree Problem (CluSTP). Since the problem is NP-Hard, recent approaches often prefer to use approximation algorithms to solve it, several of which used Evolutionary Algorithms (EAs) and have been proven to be effective. However, most of the prior studies directly applied EAs to the whole CluSTP problem, which leads to a great amount of resource consumption, especially when the problem size is large. To overcome these limitations, this paper suggests a method for reducing the search space of the EAs applied to CluSTP by decomposing the original problem into two sub-problems, the solution to only one of which is found by an EA and that of the other is found by another method. The goal of the first sub-problem is to determine a spanning tree which connects among the clusters, while the goal of the second sub-problem is to determine the best spanning tree for each cluster. In addition, this paper proposes a new EA, which can be applied to solve the first sub-problem and suggests using the Dijkstra's algorithm to solve the second sub-problem. The proposed approach is comprehensively experimented and compared with existing methods. Experimental results prove that our method is more efficient and more importantly, it can obtain results which are close to the optimal results.
Introduction
Clustered problems has a wide variety of real-life applications such as optimization of irrigation systems in agriculture, especially irrigation networks in the desert, which has been an urgent problem of mankind. Nowadays, with the development of manufacture and services, economy, optimizations of distribution networks have become increasingly important problems. Therefore, clustered tree problems receive a lot of interest from the research. One of most well-known clustered tree problems is Clustered Steiner Tree Problem (CluSteinerTP), a variant of the Steiner tree problem. CluSteinerTP is applied to applications in various areas [1] [2] [3] such designing transportation or computer networks and design inter-cluster topologies, etc. Recently, the Clustered Shortest-Path Tree Problem (CluSTP) has been introduced as theoretical problem in many network optimization problems. As CluSTP is NP-Hard, approximation approaches are often used to solve large instances of CluSTP.
Evolutionary Algorithms (EAs) are a family of global optimization algorithms that have been proven to be effective in solving many types of problems, both theoretical and practical ones. The mechanism of EAs is based on natural selection and Darwinian theory Survival of the fittest, which suggest that the quality of individuals in a population should improve after each generation. Recently, the Multifactorial Evolutionary Algorithm (MFEA) has emerged as one of the most effective EAs that can be applied to different types of problems. The main concept of the MFEA is the combination of rules of evolution and cultural transmissions. As a result, the MFEA has some distinguished features in comparison with classical EAs, for example, the MFEA can solve multiple tasks simultaneously and exploit potential traits of implicit genetic transfer in a multitasking environment.
Accordingly, some research dealing with the CluSTP proposed several evolutionary operators and mechanisms for using the MFEA to solve the CluSTP. However, because such research often looks for solutions in original search space of the CluSTP, much computational resource and time is consumed. To overcome these drawbacks, this paper proposes a new approach which remodels the CluSTP to a new problem of two parts, one of which is solved by an exact algorithm and the other is solved by an approximation problem, namely a genetic algorithm. Thereby, the part that the genetic algorithm has to deal with has decreased in dimensionality in comparison with the original problem, thus reducing the consumed resource and time. Also, the quality of the ultimate solutions hopefully improves, as a result of the part constructed by the exact algorithm.
The rest of this paper is organized as follows. Section 2 presents the notations and definitions used for formulating problem. Section 3 introduced related works. The proposed EA for the CluSTP is elaborated in section 4. Section 5 explains the setup of our experiments and analyses the computed results. The paper concludes in section 6 with discussions on the future extension of this research.
Notation and definitions
In this paper, a graph is a simple, connected and undirected graph. For a graph G = (V, E, w), V and E are the vertex and the edge sets, respectively, and w is the nonnegative edge length function. An edge between vertices u and v is denoted by (u, v), and its weight is denoted by w(u, v).
For a graph G, V(G) and E(G) denote the vertex and the edge sets, respectively. For a vertex subset U, the sub-graph of G induced by U is denoted by G[U]. For a vertex set V, a collection R = {R i |1 ≤ i ≤ k} of subsets of V is a partition of V if the subsets are mutually disjoint and their union is exactly V. A path of G is simple if no vertex appears more than once on the path. In this paper we consider only simple paths. For a sub-graph H of G = (V, E, w) and u, v ∈ V, let d H (u, v) denote the shortest path length between u and v on H. Let d H (v, U) = u∈U d H (v, u) for a vertex v and a vertex subset U. For vertex subsets U 1 and
An st-path is a path with endpoints s and t. Let P = (v 0 , v 1 , . . . , v p ) be a v 0 v p path passing through v 1 , v 2 , . . . , v p−1 in this order. For 0 ≤ i ≤ j ≤ p, the sub-path between v i and v j of P is denoted by P[v i , v j ]. An edge (x, y) is also thought of as a path. Definition 1. For a tree T spanning S , i.e., S ⊆ V(T ), the local tree of S on T is the sub-tree of T induced by T [S ].
The local tree of R i in a clustered spanning tree T will be denoted by L i (T ).
Definition 2. Let R = {R i |1 ≤ i ≤ k} be a partition of V. A spanning tree T is a clustered spanning tree for R if the local trees of all R i ∈ R are mutually disjoint, i.e., there exists a cut set C ⊆ E(T ) with |C| = k − 1 such that each component of T − C is a spanning tree T i for R i for all 1 ≤ i ≤ k. The edges in the cut set C are called inter-cluster edges.
We call a local tree terminal local tree if it is connected to only one inter-cluster edge. The port of a terminal local tree is the vertex adjacent to a vertex not in the cluster. The CluSTP can be stated as follows: Given a weighted undirected graph G = (V, E, w) where the vertex set V is partitioned into k clusters V 1 , V 2 , ..., V k and the edge set E has a weight function w : E → R + . One of the vertices s of G is chosen to be the source vertex.
The CluSTP looks for a spanning tree T of G such that:
1. For each cluster V i (i = 1, . . . , k), a sub-graph including all vertices in V i is a connected graph.
Minimize
C T = v∈V d T (s, v).
Related works
Many real life network systems such as irrigation network in agriculture, goods and services distribution systems, cable TV systems and fiber optic systems, can be associated with clustered problems. For their wide range of practical applications, clustered problems have been researched for a long time.
One of the most notable clustered problems is the Clustered Traveling Salesman Problem (CluTSP) [4] [5] [6] , an important variant of the well-known Traveling Salesman Problem (TSP). CluTSP is applied to applications in various areas [7] such as vehicle routing, manufacturing [8] , computer operations [9] [10] [11] , examination timetabling [12] , cytological testing [13] , and integrated circuit testing [14] , etc. CluTSP was first introduced by Chisman [9] , who described the problem and presented an optimization model for a warehousing problem. Potvin, J. -Y. et al. [6] proposed a Genetic Algorithm (GA) to solve the CluTSP in 1996. The new GA used permutation representation, edge recombination crossover [15] , 2-opt local search heuristic mutation and individual evaluation by transforming the raw fitness of chromosomes using linear ranking. Ding, C. et al. [16] applied a new approach based on a Two-Level Evolutionary Algorithm (TLEA) for solving the CluTSP. In novel approach, the Shortest Hamiltonian cycles in each cluster was determine in the lower level by applying the evolutionary algorithm to the TSP problem while in the higher level, a modified evolutionary algorithm with one crossover and two mutation operators is designed to determine the shortest possible solution based on the Hamiltonian cycles generated in the lower level.
One of the newest study about variant of classical TSP was done by Pop, P. et al. [17] . The authors proposed new approach to solve the Family Traveling Salesman Problem (FTSP) by decomposing the problem into two smaller sub-problems: global subproblem and local subproblem. In the global subproblem, the authors use classical GA and diploid GA for constructing the Hamiltonian tour (called global Hamiltonian tour) connecting among the families. In the local subproblem, the authors look up the visiting order of the required vertices in the families by transforming the global Hamiltonian tour into a TSP tour then apply the Concorde algorithm for determining that visiting order. Applying similar concept in the paper [17] , Pop, P. et al. [18] are addressing the Generalized Traveling Salesman Problem (GTSP) but after finding the Hamiltonian tour in global subproblem, a node in a cluster is determined by solving the shortest path problems. Another notable research in solving the CluTSP was done by Mestria, M et al. [5] . the authors proposed six heuristic algorithms based on GRASP heuristic for solving the CluTSP. In the proposed algorithm, the authors also examined several strategies for combining GRASP with path relinking heuristic.
Nowadays, because of the needs for network optimization, clustered tree problems have received a lot of attention. A new variant of the well-known Steiner Tree Problem (STP), the Clustered Steiner Tree Problem (CluSteinerTP) has also attracted much attention. In the CluSteinerTP, the vertices are divided into groups or clusters. An STP is a CluSteinerTP if the local tree of each clusters are mutually disjoint [1] . Wu, B.Y. et al. [1] showed that the lower and upper bound of Steiner ratios of CluSteinerTP are 3 and 4 respectively. The authors also proposed (2+ ρ)-approximation for CluSteinerTP where ρ was the approximation ratio. Lin, C.-W. et al. [19] studied a new variant of clustered tree problem, Minimum Routing Cost Clustered Tree Problem (CluMRCT). The authors showed that the CluMRCT is NP-Hard if the CluMRCT has at least 2 clusters. A 2-approximation algorithm was proposed to solve the CluMRCT. The new algorithm created a two-level graph based on a R-star spanning tree with two characteristics: An R-star spanning tree with minimum routing cost can be generated in O(n 2 ) time and there exists an R-star whose routing cost is at most twice as much as the optimal cost. The authors also demonstrated that 2-approximation algorithm can solve the Metric CluMRCT in O(n 2 ) time. DEmidio et al. [20] studied the CluSTP, another version of clustered problems. The CluSTP can be found in many real life network optimization problems such as network design, cable TV system and fiber-optic communication. The authors proved that the CluSTP is NP-Hard and proposed an approximation algorithm (hereinafter AAL) for solving the CluSTP. The main idea of AAL is find the minimum spanning tree of each cluster and create a new graph by considering each cluster as a vertex.
As mention above, the approximation approach is more suitable for solving the NP-Hard problems with large dimensionality. Regarding the approximation approach, the EA is one of the most effective algorithms for finding the global solution of some problems in different fields [15, 21, 22] .
EA are adaptive search techniques which simulate an evolutionary process like it is seen in nature based on the ideas of the selection of the fittest, crossing and mutation. Thus, EA can be used to get approximate solutions for NP-Hard problems. The high adaptability and the generalizing feature of EA help to execute these problems by a simple structure.
Recently two new variant of EA, MFEA are applied to solve the CluSTP and improve the resulting solutions.
In [23] , the authors proposed MFEA (E-MFEA) with new evolutionary operator for finding the solution of CluSTP. The main ideas of the new evolutionary operators is that first constructing spanning tree for smallest sub-graph then the spanning tree for larger sub-graph are construed based on the spanning tree for smaller sub-graph. In [24] , the authors take the advantage of Cayley code to encode the solution of CluSTP and proposed evolutionary operators based on Cayley code [25] [26] [27] [28] [29] . The evolutionary operators are constructed based on ideas of evolutionary operators for binary and permutation representation.
Although experimental results are shown the effective of these algorithms, these algorithm has some shortcomings such as: evolution operators performing on complete graph; finding the solution on large search space, etc.
Therefore, this paper proposes new approach based on the evolutionary algorithm to solve the CluSTP. The new approach improves both running time and qualities of solution.
Proposed Algorithm
In this section, we present the novel algorithms for CluSTP problem. The novel algorithm include: new encoding individual for CluSTP, new method for computing the cost of CluSTP and new evolutionary operators such as new initial population, new crossover operator and new mutation operator.
Remodeling of the CluSTP
Recently, cluster tree problems including the CluSTP have emerged as one of the most interesting research topics. Those problems have received much interest from the academic community and various strategies have been also proposed to produce better solutions. However, most approaches try to search from all valid solutions to find one that has the lowest possible cost. However, when the problem size is great and the problem itself is NP-Hard, like in the case of the CluSTP, it is hard to consider all feasible solutions in a reasonable amount of time.
To overcome this, we propose a new approach which decomposes the CluSTP into two subproblems. The first subproblem, denoted by H-Problem, finds an edge set which connects among the clusters, while the goal of the second subproblem, denoted by L-Problem, is to find a spanning tree for the sub-graph over each cluster. In this approach, spanning trees of sub-graphs over the clusters is constructed after the spanning tree connecting among clusters is found. After the CluSTP is decomposed into two sub-problems, a few existing algorithms such as two-level genetic algorithm [16, 17, 30, 31] and evolutionary bi-level optimization [32, 33] may be applied to solve the subproblems. Although these algorithms use various strategies for improving solution quality as well as reducing resource consumption, in essence, these strategies still deal with all combinations of possible edges connecting all vertices, so the number of cases to consider is still great. In addition, most existing algorithms [23, 24] encode solutions to the CluSTP into chromosomes whose numbers of genes are equal to the original dimensionality of input instances, thus also consuming a lot of resource.
To overcome these drawbacks, we propose a new approach which has two important features:
• For each solution to the H-Problem, the novel approach can determine the best corresponding solution to the L-Problem.
• To construct a solution to the CluSTP, the novel approach only need to base on a solution of the H-Problem.
To achieve the first feature, for each cluster, a solution to the H-Problem stores a vertex that serves as the root of the shortest path tree of the corresponding cluster. From this vertex, we can use one of the existing exact algorithms such as Dijkstra's algorithm [34] [35] [36] for building shortest path tree for the L-Problem. From the above observation, we only need to focus on edges connecting among the vertices of the clusters. Therefore, we only encode the vertices which are nodes of edges connecting among clusters.
For example, with the solution to the H-Problem in Figure 1 (b), our approach stores the edges between vertices 1 and 10; 10 and 17; 17 and 7. Vertices 1, 10, 17 and 7 are used to build the shortest path tree of sub-graphs in the clusters which contain them.
New individual representation
A chromosome is an array of vertex whose i-th element of the array is a vertex which belongs to the i-th cluster. For simplicity, we call the i-th element of chromosome the root of i-th cluster and denote it by r i . The root of the i-th cluster is used for constructing edges which connect the i-th cluster and other clusters.
Note that the root of cluster may be different from the source vertex s.
To construct the edge set of the solution from the set of roots of clusters, we propose a new method (CESA) based on the Dijkstra's Algorithm [37] and a feature of graph is created from shortest path tree which is constructed after performing the Dijkstras Algorithm. The CESA is described in Algorithm 1. 
Individual Initialization method
The New Individual Initialization Method (IIM) will create randomly an individual Ind=(ind 1 , ind 2 , . . . , ind k ) where ind i is root of cluster i-th (i = 1, . . . , k). The detail of IIM is presented in Algorithm 2. Algorithm 2: Individual initialization 
Crossover Operator
The New Crossover Operator (NCX) is proposed based on the two-point crossover operator [15] . However in NCX, root of clusters may be not connected so the offspring may be invalid individual. Therefor in NCX, if a child is an invalid individual then the child is discarded. The NCX is descripted in Algorithm 3. Figure 4 illustrates the new crossover operator. Figure 4(a) depicts the input graph G with 6 clusters so the number of genes in chromosome is 6. Figure 4 (b) presents the steps of NCX with two vertical red lines illustrate two crossover point. The NCX products two offspring. However, the offspring 1 is invalid
Algorithm 4: Proposed mutation operator
Input: Graph G = (V, E, C) where individual because the sub-graph of G induce by set of vertices on offspring 1 {3, 4, 11, 9, 15, 14} is not connected graph so this offspring is discarded.
New Mutation Operator
The New mutation Operator (NMO) for the CluSTP will change the root of a cluster. The detail of NMO is presented in Algorithm 4. Figure 5 (a) presents the input graph with 6 clusters and 18 vertices. In Figure 5 (a), the randomly selected cluster is 6-th cluster (cell in blue); temporary offspring 1 obtained by replacing vertex 14 with vertex 13 on genes 6-th on individual but the temporary offspring 1 is an invalid individual so it is discarded; meanwhile, temporary offspring 2 obtained by replacing vertex 14 with vertex 12, this offspring is a valid individual so it is output of NMO.
New Evaluation Function
In subsection, a new approach for computation the cost of CluSTP individual is proposed. The new approach decreases the consume resource in compared with classical approach.
As mention above, the cost of the solution T is computed as following:
The equation (2) point out that the cost of solution T can compute through cost of path from source vertex to root vertices and from root vertices to other vertex in the same cluster with the corresponding root vertex. Because dimensionality of sub-graph is smaller than dimensionality of graph G, resource computation according to equation (2) is reduced in compared with computing according to equation (1).
Computational results

Problem instances
Due to the fact that no available instances for the CluSTP were available, we generated a set of test instances based on the MOM [38] [5] (further on in this paper MOM-lib) of the Clustered Traveling Salesman Problem. The MOM-lib included six distinct types of instances which were created through various algorithms [20] and categorized into two kinds according to dimensionality: small instances, each of which had between 30 and 120 vertices and large instances, each of which had over 262 vertices. The instances were suitable for evaluating cluster problems [5] .
However, in order to test the proposed algorithms' effectiveness in solving the CluSTP, it was necessary to add information about a source vertex to each of the instances. Therefore, we selected a random vertex as the source vertex for each instance.
For evaluation of the proposed algorithms, instances with dimensionality from 30 to 500 were selected. All problem instances are available via [39] 
Experimental setup
To evaluate the performance of new EA for the CluSTP, we implemented two sets of experiments.
• On the first set, the approximation algorithm C-MFEA [24] and E-MFEA [23] were implemented. Then the results of these algorithms for each instance were compared with those by New Evolutionary Algorithm (NEA) in terms of solution quality and run times.
• On the second set, since the performance of the proposed EA were contributed by parameter: number of clusters in the CluSTP instance and the average number of vertices in a cluster, the convergence trends of each task in generations, we conducted experiments for evaluating the effect of these parameters.
Each scenario was simulated for 30 times on the computer (Intel Core i7 -4790 -3.60GHz, 16GB RAM), with a population size of 100 individuals evolving through 500 generations which means the total numbers of task evaluations are 50000, the random mating probability is 0.5 and the mutation rate is 0.05. The source codes were installed by Visual C# language.
Experimental criteria
We focuses on the following criteria to assess the quality of the output of the algorithms. Criteria Average (Avg)
The average function value over all runs Coefficient of variation (CV)
Ratio of standard deviation to the averaged function value Best-found (BF) Best function value achieved over all runs To compare the performances of two algorithms, we compute the Relative Percentage Differences (RPD) between the average results obtained by the algorithms. The RPD is computed by the following formula:
where C New is average cost of the solutions obtained by the proposed algorithm and C A is average cost of the solutions obtained by one of the compared existing algorithms, which are C-MFEA, E-MFEA and AAL. We also compute the gap between the costs of the results obtained by algorithm A and B with the following formula:
where C A , C B is the cost of the best solution generated by algorithm A, B respectively.
Experimental Results on Euclidean Instances 5.4.1. Comparison of the Performances of AAL, C-MFEA, E-MFEA and The Novel Evolutionary Algorithm
A criterion in comparing the results obtained by the proposed algorithm and two existing algorithms is running time. The execution time of the NEA is shorter than that of C-MFEA (at least 2 times) and that of E-MFEA (at least 5 times). The reason behind this is that NEA reduces the dimensionalities of the input problem so the genetic operators only perform in chromosome having dimensionality equal to the number of clusters. Due to the number of clusters is much smaller than number of vertices, the running time of NEA is greatly decreased.
In terms of cost, the NEA outperform than two existing algorithms on all instances. The average of PI(NEA, E-MFEA) and of PI(NEA, C-MFEA) are 35.1% and 65.8% respectively. However, the PI(NEA, E-MFEA) and PI(NEA, C-MFEA) on instances in each type are distinct. The PI() on small instances are two-thirds of PI() on large instances, which mean that the NEA is more effective than two existing algorithms when dimensionality of instances is larger. The reason for these results is that the dimensionality of input problem when using E-MFEA and C-MFEA algorithm (equal to number vertices) increases more than that of input problem using NEA algorithm (equal to the number of clusters). Therefore, in comparison with the optimal solution, the accuracy of the solutions obtained by C-MFEA and E-MFEA decreases faster than that obtained by NEA. The details of PI() of each type are presented in the Table 1 . More details of the results obtained by these algorithms are provided in Table 3 , Table 4 , Table 5 and Table 6 . Using the Cayley code [25] [26] [27] [28] [29] , which can be used in encoding spanning trees of graphs with more than two nodes, the C-MFEA is not be applied to CluSTP problem instances with less than three clusters. Hence, in Table 3, Table 4, Table 5 and Table 6 , symbol "-" indicates that the corresponding problem instances could not be solved by the C-MFEA.
Analysis of influential factors
It is clear that the cost of the solution to an instance depends on the total cost of the edges. However, as the CluSTP problem is NP-Hard, it is too much work to check all possible combinations of edges in a problem instance. Moreover, problem instances are created by various algorithms, so it takes a lot of time and effort to find the trend of the performance of the new algorithm based on the weight of the edges. Therefore, we want to determine other factors which influence the performance of the new algorithm and deduce the trend of the results obtained by the algorithm.
The chromosome in the new algorithm is influenced by the number of clusters in the CluSTP instance, so the number of clusters affects the efficiency of the evolutionary operators as well as the performance of the novel algorithm. Another possible factor is the average number of vertices in a cluster which does not directly appear in the evolutionary algorithm but affects the solution through the spanning tree obtained by the Dijsktra's algorithm from the local root of each cluster.
Therefore, we will analyze the number of clusters and the average number of vertices in a cluster for finding the tendency of the results obtained by the algorithm.
As the number of instances that can be solved by the C-MFEA in each types is small, we only examine the impact of influential factors on the newly proposed evolutionary algorithm and the E-MFEA.
To see the impact of the number of clusters and the average number of vertices in a cluster on the RPD, first we graph scatter plots of the relationship between number of cluster, average number of vertices in a cluster and the RPD for each type, and then we try to find the correlation coefficient in that relationship.
We construct the scatter plots of the number of clusters and the RPD(E-MFEA) as shown in Figure 6 . As can be seen from Figure 6 , it is hard to determine the relationship between the number of clusters and the RPD(E-MFEA) for each type. However, some characteristics of the relationship can still be seen. On instances of Type 3 ( Figure 6(b) ) and small instances of Type 6 ( Figure 6(d) ), the RPD tend to decrease when the number of clusters increases. In other words, the new algorithm is more effective on instances with smaller number of clusters. On the contrary, on small instances in Type 5 ( Figure 6(c) ), the performance of the new algorithm tends to increase when the number of clusters increases.
The scatter plots of the RPD(E-MFEA) and the average number of vertices in a cluster are presented in Figure 7 . The figures show that in Type 1, Type 4, Type 5 and Type 6, the RPD(E-MFEA) tends to increase From the above analysis, it can be concluded that on problem instances in Type 3, the average number of vertex does not have a significant impact on the performance of the new algorithm. In contrast, for the remaining types, the performance of the new algorithm tends to improve as the average number of vertices in a cluster increases. So far we have examined the relationship among the average number of vertices, the number of clusters and RPD() as well as the impact of the average number of vertices and the number of clusters on the performance of the proposed algorithm. We will take a closer look at the influence of average number of vertex and number of cluster on the performance of the new algorithm.
To analyze more closely the relationship between the number of cluster, average number of vertex in cluster and RPD(E-MFEA), we compute Pearson correlation coefficient (Pearson pmc) of these factors. Because the numbers of instances in Type 3 and Type 4 are very small, we only consider the instances of Type 1, Type 5 and Type 6. Table 2 presents details of the Pearson pmc of the number of clusters, the average number of vertices in a cluster and the RPD(E-MFEA). In Table 2 , the Pearson pmc values between the average number of vertices and the RPD is larger than the Pearson pmc value between the number of clusters and the RPD. Additionally, in Type 5, correlation coefficient between the number of clusters and the RPD is not statistically significant (p-value = 0.181), which means that the relationship between the average number of vertices and the RPD is stronger than the relationship between the number of clusters and the RPD.
Another noteworthy point in the results in Table 2 is that the values of the Pearson pmc between the number of clusters and the RPD in Type 1 and Type 6 are negative, which means that when the number of clusters increases, the RPD tends to decrease. This statement is reinforced by the results illustrated in Figure 6 . Figure 8 illustrates the relationship between the population diversity and the number of generations on instances in types. A highlight in these figures is that with same number of vertices, the larger the population diversity at a generation, the smaller the number of clusters. For example, in Figure 8(d) , the number of clusters in instance 5i45-18 is the smallest (5 clusters), while the corresponding population diversity is the largest. While the number of clusters in instance 10i45-18 is the largest (10 clusters), the corresponding population diversity is the smallest.
Conclusion
This paper presented a new approach that decompose the CluSTP into two sub-problems. This paper also pointed out two features of these sub-problems which help to find a solution of the CluSTP by using algorithms. An in-depth analysis of the received results also explained the impact of the average number of vertices in a cluster and the number of clusters to the efficiency of the new algorithm. More specifically, the average number of vertices in a cluster is has more impact than the number of clusters.
To enhance the performance of the novel algorithm, in the future, we will find a local search algorithm to combine with this evolutionary algorithm. Ins E-MFEA C-MFEA NEA
